A classification system for rain clouds was developed using ground-based radar reflectivity and infrared brightness temperature (TBB) data from multifunctional transport satellites (MTSAT) and applied to the Phimai radar station, Thailand. The proposed method can classify cloud types into convective rain, stratiform rain and non-rain for areas covered with cumulus and/or cirrus clouds by applying a statistical integration analysis of rain gauges, ground-based radar, and MTSAT data. The classified precipitation areas were used to estimate quantitative precipitation amounts over Phimai. To merge different rainfall data sets derived from these three sources, the bias among the data must be removed. A combined correction method was developed to estimate the spatially varying multiplicative biases in hourly rainfall obtained from the radar and MTSAT using the rain gauges. This consecutive analysis was applied to the rainy season (July to September) in 2009 to obtain the multiplicative bias correction and to combine the data sets. The correlation coefficient, root mean square error, and mean bias were used as indicators to evaluate the performance of our bias-correction method. The combined method is simple and useful. The combined rainfall data were more useful than the data of TRMM 3B42 V7 and ground-based radar estimates.
Introduction
In Thailand, variation in rainfall has a major impact on local agriculture and fresh water supplies for human consumption. Accurate estimation of the spatiotemporal variation in rainfall is important for water resource management, and flooding and drought monitoring. Rainfall is typically measured using rain gauges, but rain gauges provide only point measurements and are limited in their spatial coverage. Recently, remote-sensing observations, such as ground-based weather radars or satellite-borne radars, have become widely used because they provide good spatial and temporal coverage. Moreover, the rain gauge network is not always dense enough to provide accurate regional rainfall data, and errors can arise in the use of point rain gauges to represent rainfall in radar or satellite pixels (Chumchean et al. 2003) . In contrast, radar provides pixel-based areal rainfall measurements with better spatial coverage that is more comparable to the scale of satellite imagery, but there are still some limits due to inter-radar calibration difficulties and radar beam blockages by topography. Chokngamwong and Chiu (2008) evaluated rainfall estimates obtained using TRMM-3B42 V5 and V6 against rain gauge measurements, and found that the V6 estimate was much closer to the rain gauge measurements than was the V5 estimate. However, the V6 overestimated rainfall durations and underestimated rain event occurrences and their conditional rates.
As a first step toward improving rainfall retrieval accuracy, it is necessary to distinguish between convective and stratiform clouds, because the physics and dynamics of air motion and precipitation growth in these cloud systems are fundamentally different (Houze 2004) . The common rainfall estimation method for radar data analysis cannot distinguish between convective and stratiform clouds, and provides the average rainfall instead of the actual rainfall. Moreover, ground-based radar has limitations in detecting small particles, which produce weak rainfall events. This may result in an underestimation of rainfall by radar (Feng et al. 2011) . Despite this limitation, radar observations have resulted in a better characterization of precipitation, particularly for mesoscale systems (MSC; see Steiner et al. (1995) ). An analysis method combining rain gauges, ground-based radar, and geostationary satellites would provide a better alternative, because a geostationary satellite provides almost continuous data with a wide spatial coverage. Infrared-based satellite techniques such as the split-window method can identify the general location and type of clouds using two infrared brightness temperature measurements of the cloud top with two infrared (IR) channels (Inoue 1987) .
In the present study, we categorized rain clouds in accordance with their rain rates derived from radar reflectivity and satellite-observed brightness temperatures. We applied the methods discussed above to cloud systems in Thailand and converted the rain pixels to rainfall rate by using appropriate parameters for each cloud type. The rainfall data sets, however, contain some errors, and it is necessary to remove these using rain gauges in a bias correction step before combining the data sets. Details of rainfall estimation are described in the following section. The framework of the methodology for combining the rainfall data sets is presented in Fig. 1. 
Data and study method

Ground-based rain gauges
An automatic tipping rain gauge network consisting of 442 sites with a 15-min data acquisition interval and 0.5-mm sensitivity located within the range of radar coverage was used in this study. We assumed that the rain gauge observations from the reference sites were "true" measurements to evaluate and correct the radar-and satellite-based rainfall data. Half of the rain gauges were randomly selected for bias correction, and the remaining half were used for validation of the estimated rainfall results throughout this study (Fig. 2) .
Ground-based radar
The ground-based S-band radar is located in Phimai, Thailand, (15°10'90''N, 102°33'88''E) 231 m above mean sea level. It is operated by the Royal Rainmaking and Agricultural Aviation Department and includes 356 azimuths and 13 elevations (min = 0.8° and max = 22.0°). The radar transmits radiation with a wavelength of 10.7 cm and a beam width of 1°, which covers a maximum range of 240 km. The radar reflectivity data from July to September in 2009 with 6-min temporal resolution and 1-km Corresponding author: Parichat Wetchayont, Tohoku University, 6-3 Aoba Aramaki-aza, Sendai, Miyagi 980-8578, Japan. E-mail: parichat@caos-a. geophys.tohoku.ac.jp. ©2013, the Meteorological Society of Japan.
Multifunctional Transport Satellites (MTSAT)
Japanese multifunctional transport satellites (MTSATs), which are geostationary meteorological satellites located 35,800 km above the equator at 140°E were used. To categorize cloud types, we applied the split-window method (SWM) proposed by Inoue (1987) to the MTSAT data. The principle of the SWM is based on a threshold technique in a two-TBB-channels relationship, which uses TBB data at 10.8 μm (TBB11) and its difference (BTD) from the TBB data at 11.8 μm (TBB12) as a function of TBB11. The SWM was used with empirically adjusted thresholds from the original feature in Inoue (1987) for the tropics, because it was found that in this region, sometimes the lower cloud top temperature (TBB11) was < 200 K. Five cloud types, cumulonimbus, thin cirrus, thick cirrus, cumulus, and low cumulus, were categorized over the Phimai radar station, as shown in Fig. 3a . We also performed data conversion from MTSAT TBB to rainfall intensity (Rm) through a non-linear regression equation that expressed their relationship (Vicente et al. 1998) . We investigated the relationship between the TBB11 of the classified cloud types and the rain gauge measurements. Figure 3b shows a scatter plot of rainfall measured by the rain gauges versus the TBB11 estimates, confirming that cumulonimbus clouds are distinguishable from other cloud types, and are strongly associated with high-intensity rainfall events. Based on the matching pairs, which were classified as cumulonimbus, we could then obtain Eq. (3).
Bias correction
Multiplicative correction was applied to adjust for the bias of the regression line slope via spatially variable bias factors (B) (Tesfagiorgis et al. 2011) . B is closely linked to temporal and spatial variation in the rainfall field. We applied the inverse distance weight (IDW) interpolation of B to obtain the B value at Rr and Rm pixels without rain gauge observations. The corrected bias in rainfall estimations (Rr′ and Rm′ ) were obtained by multiplying the B of rainfall at the corresponding time and position, as shown in Eqs. (4) and (5).
where Rg indicates rainfall measured by a rain gauge, Br i = Rg i / Rr i is the bias factor of the radar rainfall estimates, Bm i = Rg i /Rm i is the bias factor of MTSAT rainfall estimates, and i denotes the i th site.
Combining rain gauge, MTSAT, and radar data
Combined rainfall fields were obtained using statistical objective analysis with a weighted average of the rain gauge, satellite, and ground-based radar data, as shown in Eq. (6). Pereira Fo et al. (1998) demonstrated the suitability of statistical objective analysis for combining rainfall from different radar locations in overlapping areas. We applied their analysis to retrieve combined horizontal and vertical spatial resolution were used. We interpolated the radar reflectivity data from original-resolution Cartesian grid of 4-km 2 horizontal and 1-km vertical spatial resolution. The method used to distinguish between convective and stratiform clouds was based on Steiner et al. (1995) . Equations (1) and (2) were used to convert radar reflectivity into rainfall intensity for stratiform and convective clouds, respectively, where Z is the reflectivity factor (mm 6 m −3 ), Rr is the rainfall intensity (mm h −1 ), and the constants were generally derived from the distribution of raindrop size (Sauvageot 1994) . rain gauge, radar, and MTSAT rainfall (hereafter, GMR) data. The GMR is obtained by weighted averages of two bias-corrected rainfall errors. The accuracy of GMR is highly dependent on whether the distribution of the bias factors. Here the bias weighted factors (Br and Bm) are specified with large weighting (B 2 ) to explore a very wide range of the bias weighted factors to accumulate good statistics and to avoid result in a huge overestimate of the GMR.
where Br and Bm denote the bias factor of rain radar and MTSAT, respectively, obtained in Section 2.4. Rr′ and Rm′ denote the biascorrected of rainfall estimation, and i denotes the ith site.
Results and discussions
The cloud classification results were in reasonable agreement with the corresponding cloud type obtained from the radar and MTSAT data. Figure 4 shows an example of the radar reflectivity at 3 km height (a) and the cloud classification result (b) at 06:24 UTC on 22 September, 2009. On this date, a large area of precipitation associated with a squall line was observed. The reflectivity threshold used in this study was 30 dBZ, which is weaker than that used in Steiner et al. (1998) (35 dBZ) . We chose this threshold because it gave the minimum value of RMSE when the radar reflectivity was compared to the rain gauges. This may be due to differences in radar sensor sensitivity for different cloud systems.
We found that in this region, the cloud top temperature (TBB11) was lower than 200 K (Fig. 4c) , and a radiative transfer calculation by the Radiance System for Transfer of Atmospheric Radiation (RSTAR) Tanaka 1986, 1988) showed that cumulonimbus clouds with TBB11 around 180 K sometimes have BTD less than −2.0 K. Accordingly, we extended the TBB11 for cumulonimbus cloud types to 180 K and that for BTD to −4.0 K. Figure 4d shows the classified cloud distribution collected by the SWM for five cloud categories for the same-time as the radar data. The classification system identified almost all cumulonimbus cells (rain clouds) except for the areas where the TBB11 was higher than 243 K.
The rainfall data from radar and MTSAT were adjusted using that from the rain gauges. Figure 5 shows scatter plots of the rainfall recorded from radar and rain gauges on rainy days on 22−25 September, including the derived rainfall (a) without the bias correction and (b) with the bias correction. The correlation coefficient (r), RMSE, and bias are shown in each figure as indicators of the overall performance of the multiplicative bias-correction method. The indicators of radar rainfall were significantly improved using the multiplicative method for bias correction. The multiplicative bias correction increased the correlation coefficient between hourly rainfall measured by rain gauge and radar estimates from 0.77 to 0.98. The RMSE for bias-corrected rainfall estimates was 1.03 mm h −1 , which was optimized from the 1.41 mm h −1 estimated for rainfall without a bias correction. The scatter plots indicate that our method effectively improved the radar precipitation estimation for extreme rain events. Figures 5c, d shows a scatter plot of the rain gauge/MTSAT rainfall values without and with bias correction, respectively, where MTSAT rainfall estimations were improved using rain gauges as bias factors. The bias correction also increased the correlation coefficient between hourly rainfall from the rain gauges and MTSAT estimates from 0.49 to 0.92. The RMSE for bias-corrected rainfall estimates was 1.41 mm h −1 compared with 3.12 mm h −1 for rainfall estimates without the bias correction. Figure 6 shows the rainfall fields on 22 September 2009 (06:00 UTC) based on rain gauges, ground-based radar, MTSAT, and GMR, respectively. The rainfall fields are consistent with each other. When comparing the GMR rainfall to the rainfall from the ground-based radar and TRMM 3B42 V7, it is clear that the GMR fields produced a more accurate rainfall amount than the TRMM, presented in the time series plots of the 3-month areal average daily rainfall in Fig. 7 . The GMR accurately estimates rainfall less than 10 mm, whereas it underestimates higher rainfall amounts. Conversely, the TRMM data overestimated rainfall, and strong rainfall events of more than 10 mm were overestimated by about 5 to 10 mm. These results indicate that the limitations of each measurement caused a large bias. However, for each observation, better rain rate data were obtained by the combination of observations, as shown in Fig. 7 . 
Conclusion and remarks
We made a statistical comparison of three rainfall rate observations using rain gauges, ground-based radar, and MTSAT. Improved rain radar estimations using a cloud classification technique and combining several observations together provided more realistic rainfall rates, although each individual analysis also produced a good correlation.
We adjusted the parameters of a method provided by Steiner et al. (1995) to fit with our radar data for Thailand. The parameters obtained were different from the original parameters. This might be attributed to a difference in the precipitation mechanism in the locations covered by radar, the data resolution, and the reflectivity threshold of each radar sensor. The results showed that the convective/stratiform areas strongly corresponded to the precipitation intensity distributions. Here we developed a modification of the cloud type classification table with MTSAT data and therefore distinguished cloud types over Phimai successfully. The results with the TBB11 showed a significant relationship between high rainfall rates and low brightness temperature. Multiplicative bias correction increased the correlations between hourly precipitation measured from the rain gauges and the estimations with groundbased radar and MTSAT in the range of 0.77−0.98 and 0.18−0.80, respectively. The RMSE was also greatly improved from about 4.75 to 1.25 and from 3.12 to 1.41 mm h −1 for rainfall estimation with ground-based radar and MTSAT, respectively. The MTSAT/ radar combined rainfall also showed better accuracy than TRMM 3B42 when compared with the rain gauges. Bias correction using rain gauge observations has been identified as one of the key steps in developing accurate rainfall estimates. This study demonstrates that a combined rain gauge, ground-based radar, and MTSAT rainfall estimation could be simply integrated into an efficient method for improving the accuracy of rainfall estimations. 
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